Health-related quality of life has become an increasingly important indicator of health status in clinical trials and epidemiological research. Moreover, the study of the relationship of health-related quality of life with patients and disease characteristics has become one of the primary aims of many health-related quality of life studies. Healthrelated quality of life scores are usually assumed to be distributed as binomial random variables and often highly skewed. The use of the beta-binomial distribution in the regression context has been proposed to model such data; however, the beta-binomial regression has been performed by means of two different approaches in the literature: (i) beta-binomial distribution with a logistic link; and (ii) hierarchical generalized linear models. None of the existing literature in the analysis of health-related quality of life survey data has performed a comparison of both approaches in terms of adequacy and regression parameter interpretation context. This paper is motivated by the analysis of a real data application of health-related quality of life outcomes in patients with Chronic Obstructive Pulmonary Disease, where the use of both approaches yields to contradictory results in terms of covariate effects significance and consequently the interpretation of the most relevant factors in health-related quality of life. We present an explanation of the results in both methodologies through a simulation study and address the need to apply the proper approach in the analysis of health-related quality of life survey data for practitioners, providing an R package.
Introduction
It has previously been stated that clinical and laboratory outcomes are not necessarily the most important outcome results in studies that examine the effect of health interventions. 1 Moreover, patient-reported outcomes are increasingly used as primary outcome measures in observational and experimental studies. For instance, healthrelated quality of life (HRQoL) has become an important outcome as a measure of health status and a way to evaluate medical care results, especially in chronic diseases. The measurement of the HRQoL provides information about the disease and its impact in the patient in a standardized, comparable and objective way. 2 Measuring HRQoL can help determine the burden of preventable disease, injuries, and disabilities, and it can provide valuable new insights into the relationships between HRQoL and risk factors. Therefore, to study the relationship of HRQoL with patient and disease characteristics has become one of the primary aims of many HRQoL studies.
Several instruments for measuring HRQoL have been developed in the form of questionnaires, some of them in a generic way and other for specific diseases. One of the most widely used generic instruments is the Short Form-36
Alternative approaches for fitting beta-binomial regression
In this section, we introduce the beta-binomial distribution and the notation that we will follow through the rest of the paper.
The beta-binomial distribution consists of a finite sum of Bernoulli-dependent variables whose probability parameter is random and follows a beta distribution. Assume that we have y j , a set of variables, j ¼ 1, . . . , m with m 2 N, that conditioned on a random variable u, are independent and follow a Bernoulli distribution with parameter u. On the other hand, the random variable u, which we will denote the probability variable, follows a beta distribution with parameters 1 and 2 . Namely which follows a new distribution that is called beta-binomial distribution, and it is defined as follows. The variable y follows a beta-binomial distribution if yju $ Binðm, uÞ and u $ Betað 1 , 2 Þ ð 2Þ
The marginal density of the response variable y can be written explicitly as f ð yÞ ¼
Beta-binomial logistic regression
First, we consider the beta-binomial distribution of maximum number of scores m as a given distribution of a set of response variables y i , i ¼ 1, . . . , n. If we perform a reparameterization proposed by Arostegui et al. 4 in the beta-binomial model parameters considering 1i ¼ p i = and 2i ¼ ð1 À p i Þ=, we have E½ y i ¼ mp i and Var½ y i ¼ mp i ð1 À p i Þ 1 þ ðm À 1Þ 1 þ ð4Þ
Hence, given equation (4), we can interpret the beta-binomial distribution as a binomial distribution with some over-dispersion structure which is given by the intraclass correlation through the summed Bernoulli observations. Therefore, similarly to the binomial case, p i is interpreted as the probability of success in each Bernoulli observation of individual i. Notice that when ¼ 0, the model corresponds with the binomial case.
If we use the Gamma function property, Àðx þ 1Þ ¼ xÀðxÞ for all x 2 R and Àð0Þ ¼ 1, we get a new expression of the beta-binomial density function in equation (3) , which is easier to manipulate. Hence, the log-likelihood of y ¼ ð y 1 , . . . , y n Þ is given by the expression:
where p ¼ ð p 1 , . . . , p n Þ and if y i ¼ 0, then P y i À1 k¼0 logð p i þ kÞ ¼ 0 and if y i ¼ m, then P mÀy i À1 k¼0 logð 1 À p i þ kÞ ¼ 0. Using this reparameterization of the beta-binomial distribution parameters, we have considered p i as the probability of success in each Bernoulli observation of each individual, which allows us to link it with some given covariates by a linear predictor choosing an appropriate link function. For regression models, Forcina et al. 6 assumed that the probability parameter p i is connected to a vector of regression parameters by means of a logit link function model, so they formulated the following relationship between the probability parameter of the beta-binomial distribution of each individual and some given covariates X 1 , X 2 , . . . , X t as
where is a ðt þ 1Þ Â 1 vector of regression parameters and
where n is the number of observations, is the ith row of a full rank design matrix X composed by the given covariates. By the relationship in equation (6), we obtain the following linear predictor
Therefore, replacing equation (6) in equation (5), we can obtain the maximum likelihood estimators of the regression parameters and dispersion parameter by means of an iterative method based on the maximum likelihood approach to perform estimations and inference in the parameters and . 6 We will denote this model as BBlogit.
Hierarchical GLM approach
The generalized linear mixed models (GLMMs), 10 where the linear predictor of a GLM 11 is allowed to have, in addition to the usual fixed effects, one or more gaussian random effects, is a very widely used methodology in different frameworks. Although the normal distribution is convenient for specifying correlations among random effects, the use of other distributions for the random effects greatly enriches these class models. Lee and Nelder 7 extended GLMMs to hierarchical GLMs (HGLMs), in which the distribution of random components is extended to conjugates of arbitrary distributions from the GLM family.
The HGLMs are defined in two parts. First, the response variable y, conditional on some given random components u, follows a GLM family, satisfying that E½ yju ¼ and Var½ yju ¼ VðÞ where the linear predictor takes the form
where v ¼ vðuÞ, the scale, is the random effect and is the fixed effect. Second, the random components u follow a distribution conjugate to a GLM family of distributions with parameter .
We have seen in the beginning of Section 2 that the beta-binomial model consists of a conditioned response following a binomial distribution and some given random components u following a beta distribution. Due to the fact that the beta distribution is conjugate to the binomial GLM, we can consider the beta-binomial model as a special case of the HGLM family, where y i ju i $ Binðm, p i Þ and u i $ Betað 1 , 2 Þ and p i is connected to u i by a linear predictor.
When we construct a HGLM, we must choose vðÁÞ the scale on which the random effects occur linearly in the linear predictor, which is called weak canonical scale. This weak canonical scale allows the model to maintain invariance of inference with respect to equivalent approaches. 12 Consequently, the linear predictor of the betabinomial HGLM is
where x 0 i is the ith row of a full rank design matrix X composed by the given covariates, is the fixed effect and v i ¼ logitðu i Þ is the random effect attributed to individual i, i ¼ 1, . . . , n.
The constraints must be specified in either the random or fixed part of the model to maintain the structure of the model. Lee and Nelder 13 proposed to impose constraints in the random part of the model, fixing the expectation of the random components u equal to value that the scale transforms to zero. Namely, in the beta-binomial HGLM, they imposed
Consequently, they defined the distribution of the random components u beta with parameters 1=, 4 0
which fixes the previously defined beta distribution parameters ¼ 1=2 and ¼ =2.
In HGLM models, especially in the binomial beta HGLM, the computation of the marginal likelihood is not straightforward, and moreover, it is totally uninformative about the random effects v. Consequently, Lee and Nelder 7 proposed the so-called H-likelihood as an approach to perform inference in HGLMs. The H-likelihood is defined by
where the first term is the conditioned log-likelihood of the response, the binomial density function, and the second term is the log-likelihood corresponding to the random effects in the linear predictor, the beta density function through the logit transformation. For inference in HGLMs, three likelihoods are available, the H-likelihood and two adjusted profile likelihoods, namely the marginal likelihood L, that eliminates nuisance random effects v from h by integration, and the restricted likelihood, that eliminates nuisance fixed effects from L by conditioning on the maximum likelihood estimates of . In principle, we should use the H-likelihood h for inference about v, the marginallikelihood L for , and the restricted likelihood for the dispersion parameters. 12 
Mixed effects logistic regression model
The mixed effects logistic regression model is a special case of the GLMMs, which have been briefly introduced in the beginning of Section 2.2. First of all, we have to clarify that this methodology is not based on the beta-binomial distribution. Consequently, due to the nature of the paper, we have not included it in the real application section to avoid confusion to the readers. However, simulations based on this approach have been performed and included in Section 4, and as it has been previously mentioned, the GLMM is a very widely used methodology even in HRQoL framework. That way we can perform a full simulation study, not only concluding which beta-binomial based approach is more appropriate for analyzing HRQoL, but also comparing them with a commonly used methodology. For the sake of clarity, we will explain briefly in this section what the mixed effect logistic regression consists of.
In the special case of the mixed effects logistic regression model, we assume that the responses y i , i ¼ 1, . . . , n, given some Gaussian distributed random effects u, are conditionally independent and follow a binomial distribution. Namely yju $ Binðm, p i Þ and u $ N ð0, DÞ For analyzing the HRQoL, due to the variability that exists between different individuals, we are going to assume that each individual is connected with a component of the random effects u. Consequently, we are going to assume that the number of random effects is equal to the number of individuals, that there is no correlation between the individuals and that the variance remains constant within individuals. Namely, the variancecovariance matrix of the random effects is
The model defines a linear predictor i by assuming the following relationship between some given covariates X 1 , . . . , X t and the probability parameter of each conditioned response variable y i
where gðÁÞ is the logistic link function defined in equation (7), is a ðt þ 1Þ Â 1 vector of fixed regression parameters, x 0 i is the ith row of a full rank design matrix X composed by the given covariates and u i is the random effect connected with ith individual.
The basis of the likelihood approximation in GLMM is the extended likelihood that includes the random effects, plus the heuristics provided by the normal mixed models logLð, u , uÞ ¼ logf yju ð yjuÞ þ logf u ðuÞ where f yju ð yjuÞ is the conditional density function of the responses, in the mixed effects logistic regression model the binomial density function, and f u ðuÞ is the Gaussian density function of the random effects. Schall 14 provided an easy algorithm for performing the estimation based on the extended likelihood approach and Breslow and Clayton 15 presented applications that support its practical viability.
3 Application to real data: COPD Study 3.1 Description of the study Chronic Obstructive Pulmonary Disease is a very common chronic disease around the world. Some well-designed studies have found a measured prevalence of COPD in Europe between 4% and 10% of adults and it is expected to increase over the next years. 16, 17 According to estimates of the World Health Organization (WHO), by 2020 it shall become the third most frequent cause of death, following coronary and cerebrovascular diseases. 18 Moreover, patients with COPD generally have a substantial worsening in their quality of life. 19 Researchers of the Respiratory Service at Hospital Galdakao in Spain designed the COPD Study, a longitudinal study whose main goal was to measure the health status and evolution of patients being treated for COPD. Patients were recruited at five outpatient respiratory clinics affiliated with the hospital and consecutively included in the study for one year, starting at January 2003. Patients were eligible for the study if they had been diagnosed with COPD for at least six months and they had been receiving medical care at one of the hospital respiratory outpatient facilities for at least six months. Their COPD had to be stable for six weeks before enrolment. Patients were followed for up to five years. One of the aims of the study was to measure the effect clinical and socio-demographic variables have on the HRQoL for patients with stable COPD. In order to do that, data were selected from the patients' first visit to the COPD study, including a sample of 543 patients. A set of selected variables recoded in the study and included as covariates in the models were socio-demographic variables such as gender and age, together with forced expiratory volume in one second in percentile (FEV1%), body mass index (BMI), dyspnea (measured with the modified scale of the Medical Research Council 20 ), the 6-min walking tests 21 and presence of anxiety and depression measured by the Hospital Anxiety and Depression scale ( HAD 22 ) among others. A socio-demographic and clinical summary of the exploratory variables is presented in Table 1 .
Description of the SF-36 Health Survey
The SF-36 Health Survey was developed within the Medical Outcomes Study. 3 It measures generic HRQoL concepts and it provides an objective way to measure HRQoL from the patients point of view by scoring standardized responses to standardized questions. The validity and reliability of this instrument have been broadly tested. 23 The SF-36 questionnaire has 36 items, with different answer options. It was constructed to represent eight health dimensions, which are physical functioning (PF), role physical (RP), body pain (BP), general health (GH), vitality (VT), social functioning (SF), role emotional (RE) and mental health (MH). Each item is assigned to a unique health dimension. Each of the eight multi-item dimensions contains 2-10 items. The first four dimensions are mainly physical, whereas the last four measure mental aspects of HRQoL. The standardized scoring system is thoroughly described by the original authors. 3 Briefly, each score was calculated with an algorithm based on the original items assigned to this dimension. For each dimension, the answers to the items were first recoded and then added in a weighted sum fashion. The resulting raw scores were then transformed to standardized scale scores from 0 to 100, where a higher score indicates a better health status.
Consequently, the SF-36 Health Survey generates a profile of HRQoL outcomes on eight health dimensions. Additionally, the SF-36 includes an item related to health transition, which is not used in the scoring of the eight health dimensions. The authors of the SF-36 Health Survey also provide normative scores for each health dimension. Each SF-36 score was first standardized using the mean and standard deviations obtained from the general population and then transformed to a norm-based (mean ¼ 50, standard deviation ¼ 10) scoring. 24 Two summary measures, one physical and one mental, can be created from the eight main domains. These two summary scores were generated using the physical and mental factor score coefficients from the general population and they were also transformed to norm-based scoring. 25 However, we have used neither normbased scores nor summary scores in this work.
The SF-36 Health Survey was rated in 2002 by the British Medical Journal 26 as the most frequently used patient-reported outcome of generic health in the scientific publications. In this work, generic HRQoL was measured using version 1.2 of the SF-36 Health Survey, which corresponds to the version 1.4 of the Spanish version.
In order to provide a better understanding of the construction of the SF-36 Health Survey dimensions and COPD data, we show in Table 2 the number of items related to each dimension and the number of possible values each dimension can obtain, together with the mean and standard deviation of the original standardized SF-36 dimensions in the COPD data. In addition, we provide in Appendix 1 online Figure 8 where the distribution of the original standardized SF-36 dimensions in COPD data is shown. In online Figure 8 , the different shapes of the original standardized SF-36 scores can be appreciated. Moreover, in Appendix 1, online Table 10 shows the mean and the standard deviation of the SF-36 original standardized scores stratified by categorical covariates of interest.
Recoding of the SF-36 Health Survey scores to a binomial form
In this section, we will briefly describe the process of analyzing HRQoL data from the SF-36 Health Survey using the beta-binomial regression approach. It includes the proposal, validation, comparison to other methods of analysis and the recoding approach necessary in order to fit the beta-binomial model. All the processes have been thoroughly described previously. What we present here is only a summary that could help readers to contextualize the results we show in the present work.
The beta-binomial distribution was proposed in 2007 to fit the SF-36 Health Survey scores. 4 The proposal was mainly motivated because of the ordinal feature that many of the HRQoL scales exhibit. They showed that the beta-binomial regression was a good option to detect significant predictors of HRQoL and they also provided a nice interpretation of the effect of explanatory variables on HRQoL when SF-36 is used. The authors also compare results using multiple linear regression (MLR) and beta-binomial regression for real and simulated data, showing that performance of the beta-binomial approach was better or similar than the MLR approach in all the HRQoL dimensions of the SF-36. Comparison of MLR and beta-binomial regression approaches was performed based on distributional assumptions. The paper closed recommending the analysis of all the HRQoL scores of the SF-36 with the same method, and consequently, the authors recommended to use the beta-binomial regression. A posterior and more general publication of the same authors 5 presented eight methods of analysis of patientreported outcomes, such as HRQoL, under different assumptions that lead to different interpretations of the results. The methods were: MLR, with least square and bootstrap estimations, tobit regression, ordinal logistic and probit regressions, beta-binomial regression, binomial-logit-normal regression (BLNR) and coarsening. All methods were applied to scores obtained from two of the health dimensions of the SF36 Health Survey. The authors showed that the beta-binomial regression approach renders satisfactory results in a broad number of situations, with a very convenient clinical interpretation of the results.
Finally, recoding of the scores to a binomial form is necessary in order to fit the beta-binomial distribution to the SF-36 Health Survey scores. The same authors proposed and evaluated a method of recoding continuous and bounded scores, such as HRQoL scores, to a binomial form. 27 The method was mainly based on the possible number of values each dimension can obtain, which, as it has been explained in Section 3.1 and showed in Table 2 , comes from the number of items related with the construction of each dimension. Indeed, the methodology transforms the sorted scale of possible values of each dimension score to an ordinal scale from 0 to m, i.e. to a binomial form scale. The real interval [0,100], which is the scale of the standardized original scores, is divided in some subintervals, and then each subinterval is linked to the value that corresponds in the order of the 0 À m scale, where m þ 1 is the number of intervals. Consequently, score values within each subinterval are recoded with the value the subinterval was linked in the 0 À m scale. The way the subintervals are constructed is the main contribution of Arostegui et al. 27 and the subdivision of the 0 À 100 scale for each dimension is available in the Appendix of the mentioned work. We present in Table 3 the recoding process, step by step, for the dimensions that we will analyze in Section 3.4. Table 3 shows the possible values of the raw and standardized scores, as well as the subinterval division of the standardized original scores and the final recoded scores for physical functioning, mental health and role emotional dimensions. The authors evaluated and validated the proposed method of recoding with the scores provided by the SF-36 Health Survey. They showed that the recoding has a natural interpretation, not only for ordinal scores, but also for questionnaires with many dimensions and different profiles, where a common method of analysis is desired, such as the SF-36. Briefly, let Y denote the original standardized score observed in ½0, 100 and Y* the recoded ordinal score, from 0 to m, where Y Ã $ Binðm, pÞ. Thus, Y* could be interpreted as grouped data for a dichotomous outcome that represents the number of successes in m binomial trials and p represents the probability of success in each trial. In the HRQoL context, Y* is interpreted as the number of ''points'' that an individual has and p as the probability of obtaining one point more.
Then, we will show the results obtained after applying the recoding to the SF-36 sores from the COPD Study data. Figure 1 shows the distribution of the eight recoded HRQoL dimensions in patients with COPD, together with the fit by the binomial and beta-binomial distributions. Similar shape can be observed for the original scores (online Figure 8 ) and the recoded scores (Figure 1 ) although represented in different scales. Figure 1 illustrates that the distributions of the recoded SF-36 dimensions are, generally, very skewed, accumulating values at the boundaries. As it can be seen, the binomial distribution offers a poor fit in most recoded dimensions (e.g. role physical, body pain, social functioning, role emotional and mental health). Figure 1 also shows that the dimensions have different shapes (e.g.: bell-shaped, U or J-shaped), due to the fact that in some dimensions people tend to answer more or less extreme than in others. Consequently, there is an individual within variability in each dimension that, as it can be appreciated, the beta-binomial distribution is able to fit. Figure 2 shows in a descriptive way the distribution of the eight HRQoL dimensions provided by the SF-36 of patients with COPD though different categorical variables, such as gender, dyspnea, anxiety and depression. It allows the descriptive analysis of the influence of each categorical characteristic in HRQoL of patients. Each axis of the radar chart corresponds to a recoded SF-36 dimension. The scales have been standardized to the interval defined by the length of the axis and divided into three cut points (25%, 50% and 75%) for a better visualization of the mean values. In Figure 2 (b), we can appreciate the influence of the dyspnea in the eight HRQoL dimensions, where lower levels of dyspnea are associated to higher HRQoL in all the dimensions. However, it can be shown that the mean effect of different dyspnea levels is not equal in all the dimensions, as the effects in physical functioning dimension is higher than in body pain, differentiating category effect between physical and mental dimensions. Figure 2 (a) also shows that the mean perception of HRQoL is better in males than in females in all the dimension, being the mental dimensions where the difference was higher. On the other hand, Figure 2 (c) and (d) shows that, as expected, an anxiety or depression status worsens in average the HRQoL of COPD patients in all the dimensions, the anxiety especially in the role emotional dimension and the depression in the vitality.
Modeling results
Both approaches presented in Section 2, namely the BBlogit and the hglm, were applied to data from the COPD Study. The eight dimensions of the SF-36 Health Survey were the response variables and clinical and sociodemographic variables listed before were considered as independent variables. Independent models were performed for each of the health dimension of the SF-36 and exclusively data from the first visit to the outpatient clinic was considered. For variables selection, we retained in the model those covariates whose influence in HRQoL was statistically significant (p < 0.05) in at least one of the models. For simplicity, clarity and brevity of exposition, we only show results for three of the eight health dimensions of the SF-36. The selected three dimensions (physical functioning, mental health and role emotional) illustrate different shapes of the distribution and a wide range of maximum number of scores (m), from 4 to 20. 3 while the subinterval division and recoding process is explicitly explained in Arostegui et al. 27 In terms of statistical packages and software, we have implemented the beta-binomial logistic link approach in the R package HRQoL available at https://github.com/josunajera/HRQoL. This package unifies different analysis approaches for HRQoL data from SF-36 Health Survey and provides useful tools (such as specific quality of life radar charts). For the HGLM approach, we used the R package hglm. 28 Results obtained from the beta-binomial regression analysis performed with the COPD study sample are provided in Tables 4 to 6 . Estimates of the regression coefficients, their standard deviations, and test of significance associated to the BBlogit and the hglm modelling approaches for the selected three health dimensions of the SF-36 Health Survey are displayed. We also show the estimates of the dispersion parameter of each model, for hglm from equation (10) , and for BBlogit from equation (1), in logarithmic scale and its significance test p-value.
Real data application leads to several conclusions and interpretations. As regards the interpretation of the fixed part regression coefficients, in both models is equivalent to the log odds-ratio in a binomial logistic regression model. For instance, the coefficient of depression in the physical functioning model for the BBlogit approach is À0.544, which means that based on this model the presence of depression increases by 1= exp(À0.544) ¼ 1.72 the odds of having a smaller physical functioning score. In terms of the interpretation based on the original SF-36 score, with a range from 0 to 100, it means that the presence of depression increases by 1.72 the odds of having five points less in the physical functioning domain. However, the most important issue we address in this work is that both methodologies lead to contradictory conclusions in terms of estimation and significance in some of the dimensions of the HRQoL provided by the SF-36. For instance, as shown in Table 4 , in the physical functioning dimension both methodologies provided very similar results. However, in mental health (Table 5) and role emotional (Table 6) , the results were different leading to different interpretations of the covariate effects. In the mental health dimension, the estimates of the coefficients were not very different, although they were not as similar as in the physical functioning dimension, but interpretation problems occurred in terms of parameters significance. While the p-value corresponding to mild dyspnea in hglm was 0.134, leading that there was no difference between mild and no dyspnea, in the BBlogit approach the effect was statistically significant reaching a p ¼ 0.037. For the role emotional dimension, the results were more contradictory, and both the coefficient estimates and significances were very different. For example, on the one hand, the estimate of the coefficient corresponding to anxiety was À6.145 in hglm and À1.649 in BBlogit, being both statistically PF (20) RP (4) BP (9) GH (20) VT (20) SF (8) RE (3) MH (13) Male Female PF (20) RP (4) BP (9) GH (20) VT (20) SF (8) RE (3) MH ( PF (20) RP (4) BP (9) GH (20) VT (20) SF (8) RE (3) MH (13) No Yes PF (20) RP (4) BP (9) GH (20) VT (20) SF (8) RE (3) MH (13) No Yes significant in the model. On the other hand, the p-value corresponding to the estimate of moderate dyspnea was statistically significant in BBlogit (<0.001), but not in hglm (0.434).
As shown in Section 2, due to the differences in constraint assumptions in both approaches and the non-linear transformation of the mean response, it is expected to reach different regression parameter estimates. The BBlogit approach parameter estimation has a population-average interpretation, while in hglm the interpretation is subject-specific; however, the interpretation of the fixed part regression coefficients in both models is equivalent to the log odds-ratio in a binomial logistic regression model. Consequently, the differences seem to be larger than we have previously expected comparing population-average and subject-specific models. Real data analysis also shows that those differences change through different shapes of the response variable. Moreover, Tables 4 to 6 show that standard errors of the estimates are also quite different leading to different parameter significance, and, consequently, contradictory results about the effect of the covariates in the HRQoL of the patients with COPD. In Table 6 , it is shown that anxiety is the unique statistically significant effect on the role emotional in hglm model; however, the estimated parameter variance is larger than 4, which makes us think that the estimates are over-inflated, leading to an incorrect model. Figure 3 shows the distribution of the modelled three HRQoL dimensions and the fit by the hglm model. It can be appreciated the subject-specific effect of the hglm model, in which the estimation is not focused on the mean and reaches almost all the score points in the analyzed three dimensions. Figure 3 also shows that although the estimates and variances of the parameters by hglm approach were confusing, the fit to the data is not so bad, especially in role emotional dimension, where the fit corresponds with the distribution of the dimension. In general, it seems that when the value of the dispersion parameter increases, differences between both methodologies in terms of parameter estimation and significance become greater. The application of the two methodologies in real COPD data showed the need of the comparison of the two models that previously one might assume that will give more similar results, at least in terms of parameter significance. The need of a deeper analysis of the methodologies to understand why and when differences occur and to provide the best methodology in terms of covariate interpretation has been revealed by the real application. We believe that differences in the results depend on the dispersion parameter. Therefore, we focus on the comparison of the two approaches in the next section performing a complete simulation study dividing the analysis in scenarios depending on the value of the dispersion parameter.
Simulation study 4.1 Simulation scenarios
In this section, we set different scenarios in order to compare different methodologies to model HRQoL outcome data. Given the eight health dimensions provided by the SF-36, we consider three groups of possible maximum scores, m, i.e. few (4 and 3), standard (8, 9 and 10) and large (19 and 20) 27 (as shown in Figure 1 for COPD data). Consequently, the simulation study has been also divided in three scenarios considering a maximum score of 4, 10 and 20. Finally, we have generated 500 random realizations of 100 observations of a dependent variable y assuming a beta-binomial distribution with fixed probability and dispersion parameters.
In order to understand the behaviour of the methodologies in the HRQoL framework, we are going to focus the simulation exercise on a regression approach with a single continuous covariate. The probability parameter has been calculated as shown in equation (6) for a fixed value of 0 and 1 equal to 1 and -0.3 respectively, and a fixed covariate simulated assuming a normal distribution with mean 3 and standard deviation 2.
The value of the dispersion parameter defines different scenarios (the shape of the beta distribution), as for a fixed probability parameter the shape of the distribution changes considerably for different values of . Values greater than 0.5 provide U-shaped distributions, values lower than 0.5 bell-shaped distributions and a value equal to 0.5 flat-shaped distributions. Figure 4 illustrates possible scenarios showing how the shape of the beta-binomial distribution changes for a fixed probability parameter equal to 0.5 considering the values ¼ 2 (Figure 4(b) ), ¼ 0:5 ( Figure 4(c) ) and ¼ 0:01 (Figure 4(d) ) for the dispersion parameter. If there is no over-dispersion, ¼ 0, it corresponds to the ordinary binomial distribution (Figure 4(a) ). Hence, when the value of the dispersion Table 6 . Effect of explanatory variables in role emotional dimension measured by beta-binomial regression and estimated by both approaches. parameter becomes greater, the distribution is far from the mean value and the observations are accumulated at both extremes. We implemented three methodologies in the simulation study: (i) HGLM, (ii) beta-binomial regression with logistic link, and (iii) mixed effects logistic regression model. The three methodologies have been deeply explained in Section 2.
Software implementation
The simulation process has been developed using different libraries in R (see Appendix 2 for details). The HGLM approach models have been performed using hglm library, which implements the estimation algorithm for hierarchical generalized linear models. 28 The rest of the models have been implemented using a library called HRQoL that has been developed by the authors. The function that performs the logistic regression based on a beta-binomial distribution is called BBreg() and the input is specified in a similar manner as for the standard glm() function in R. The remaining model in the simulation study, the GLMM, has been also performed with the so-called HRQoL package by the BIMreg() function.
Results
Figures 5 to 7 show the box plots of the estimated regression parameters in the 500 simulations for the three methods of estimation: (i) HGLM (hglm), (ii) beta-binomial regression with logit link (BBlogit), and (iii) mixedeffects logistic regression (glmm). In order to compare the performance of the methods, Tables 7 to 9 include the mean, the variance and the expected mean square errors (EMS) of the estimated regression coefficients in each methodology. Tables 7 to 9 also show that the percentage the real value of i is included in the 95% confidence interval of each simulation estimate (PCI) and the percentage the simulated covariate effect is statistically significant in each model (PCSS).
The simulation study shows that results of the three methodologies differ for different values of the dispersion parameter and different maximum scores as occurred in the COPD analysis. Generally, results provided by the hglm approach are more different to the real ones when the maximum number of scores and the dispersion parameter increase. In this situation, the regression parameter estimates have more bias than the other approaches due to the constraint assumption it assumes, which does not allow for any conclusions about the adequacy of the methodology. However, as the dispersion parameter increases, the variance of the estimates becomes larger, increasing the uncertainty of the parameter estimates. Moreover, due to the large variability of the estimates, the significance tests of covariate effect fail, reaching in same cases a PCSS of 22.6%, which is very low. Consequently, when the dispersion parameter is large enough, the hglm approach is not able to capture the effect of the covariate adequately. Consequently, patient and disease characteristics that influence the HRQoL dimensions are not going to be detected correctly by the hglm approach.
On the other hand, the BBlogit approach gets more stable results in terms of the variance of the estimates and significance test than the hglm in all the simulated scenarios. Moreover, the obtained estimates have less bias than both hglm and glmm methodologies. Furthermore, although when the dispersion parameter is large enough, in the U-shaped scenario (Table 9 ), the variance of the estimates is not too large, but specially, this methodology continues capturing the effect of the covariate in the outcome variable correctly, reaching in the worst case a PCSS value equal to 71.4%.
Finally, the results provided by glmm approach also lead to several conclusions. First, in the bell-shaped scenario (Table 7) , as expected by the model assumption, the results provided by the glmm approach are similar to the results obtained by hglm and BBlogit approaches. However, as the dispersion parameter increases, model assumption begins to fail, as the random effects are not Gaussian, and consequently, results get more unstable, increasing the variance of the estimates (Tables 8 and 9 ). Although there are enough arguments, as explained before, to conclude that glmm approach is not adequate to model HRQoL data, and it should be emphasized that the PCSS is almost as good as in BBlogit approach. Consequently, although the estimates and variances of the regression parameter are not adequate, this methodology measures the statistically significant effect of the covariate correctly.
Discussion
We have illustrated that the use of two different approaches for the beta-binomial regression analysis may lead to different interpretations and statistical significances of the regression coefficients. On the one hand, apparently, the results from hglm approach lead to an incorrect estimation of the coefficients; however, we must take into account the structure of the model. By defining random effects models, we must impose constraints either on the Figure 7 . Box plots of the slope estimates in the simulation study for the U-shaped scenario ( ¼ 2). Simulations performed for n ¼ 100 individuals and R ¼ 500 replicates. fixed effects or in the random effects to maintain invariance between different modelling approaches. In hglm betabinomial regression, constraints are imposed in the random components as it was shown in equation (9) , assuming that they have expectation equal to 1/2. The linear predictor shown in equation (8) is composed by the inclusion of random components with a logit transformation, which does not maintain the linearity property of the expectation operator, leading to a linear predictor with some random effects that have no zero mean. The expectation of the random effects becomes greater as the dispersion parameter becomes larger, and as the linear predictor must be correctly estimated (as shown in Figure 3 ), differences between real and estimated 's increase. On the other hand, when random components are quite dispersed, a little variation in their distribution causes a big impact on the transformation through the logit link function, changing the mean of the random effects considerably. Hence, similar models can have different regression parameter estimates as we have shown in the simulation study, where the variance of the estimates in the U-shaped scenario was very large. Furthermore, the impact that the prediction of the random effects has in the regression parameter estimates is quite big, which enlarges the uncertainty of regression parameters estimation, increasing the standard deviation of the estimates and leading to erroneous significance tests. Consequently, although the hglm is an adequate model, as shown in Figure 3 , to fit HRQoL, it is not valid to interpret covariate effects. From a practical point of view, researchers working on HRQoL must be provided with a valid method of analysis for this kind of data. In some cases, the interest is focused on looking for an adequate fit to the HRQoL data, but other studies are focused on the effect of several covariates on HRQoL in a regression fashion. Our results showed that when the goal of the study is to detect and interpret the effect of explanatory variables in HRQoL, the method of analysis must be cautiously selected. Therefore, we recommend the use of the BBlogit Table 8 . Results of the simulation study for the flat-shaped distribution ( ¼ 0:5) for n ¼ 100 individuals and R ¼ 500 replicates. Table 9 . Results of the simulation study for the U-shaped distribution ( ¼ 2) for n ¼ 100 individuals and R ¼ 500 replicates. approach to perform beta-binomial regression of HRQoL data and covariate effect analysis on HRQoL data. Moreover, the HRQoL package in R provides the researchers the framework to perform BBlogit analysis for HRQoL data measured with the SF-36 Health Survey as a whole process, including the recoding of the original SF-36 scores, the descriptive analysis, the fit to the beta-binomial distribution, and the beta-binomial regression. Finally, we have evaluated two different approaches to perform beta-binomial regression of HRQoL as response variable and presented the results obtained for three specific dimensions of the SF-36 health questionnaire in stable COPD patients. Alternative dimensions of the SF-36, different HRQoL questionnaires or other populations may have different characteristics, and therefore, methods may be performed in a different way. However, many other HRQoL data and, in general, patient-reported outcomes share many characteristics that make them suitable for the methodological approaches presented here.
